Abstract
or any combination of two data sources.
Introduction

35
A head contour map provides information about the flow direction and gradient of an aquifer 36 system and, in the case of an unconfined aquifer, about the depth of the water table. Such a 37 contour map is used as starting point to gain insight in the groundwater flow system, to 38 evaluate migration of pollutants, to assess vulnerability of an aquifer and to create conceptual 39 hydrogeological models.
40
Head observation data however, are often scarce and irregularly distributed over a study area.
41
To obtain a head contour map based on these data a number of approaches are available, 42 ranging in complexity from manually drawing contour lines over interpolation to groundwater 43 modeling.
44
The most straight forward method to create a water table map is to manually create contours 45 based on observation data. This method has the distinct advantage of directly incorporating 46 expert knowledge about the hydrogeological system under study (Kresic, 2006) . A major drawback of manual interpolation is the inherent subjectivity of the method since each expert results in various fields like image processing, remote sensing and environmental modeling.
134
An overview of these applications can be found in Bogaert and Fasbender (2007) and 135 
Fasbender et al. (2008). The Ensemble Kalman Filter data assimilation technique, which is
136
widely applied in atmospheric science (Ehrendorfer, 2007) , can be considered to be a special 137 case of Empirical Bayesian Data Fusion (Cressie and Wikle, 2002) .
138
Within the Bayesian Data Fusion framework, the interpolation methodology seeks the 139 posterior probability density function (pdf) f(z 0 |y 0 ), the pdf of variable z at unsampled location 140 x 0 , given y 0 , the secondary information at location x 0 . In this study the secondary information with mean μ and variance σ 2 is given by:
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Equation 5 thus provides an elegant and compact formula to estimate a quantity at 176 unmeasured locations by combining a kriging interpolation with different additional data 177 sources, which are exhaustively known in space, with the result of a kriging interpolation. 
Study Area
180
The study area is located in Central Belgium where the geology is dominated by the Brussels
181
Sands Formation (Fig. 1) , one of the main aquifers in Belgium for drinking water production. these loess deposits are more sandy.
195
The main river in the study area is the Dijle River and many of its tributaries have cut through 
Ordinary Kriging
212
Since the river Dijle drains towards the north and topography declines in that direction, the 
Empirical depth-distance relationship
226
In a first attempt to include additional information in water to the river network. This relationship can be expressed as: σ -values, ensuring that these areas will get less credit in the BDF model.
250
For each observation location the penalized distance to the nearest point on the hydrographic 251 network is calculated together with the depth of the water table (Fig. 4) on the BDF-result decreases.
260
The water table estimate by the empirical depth-distance relationship is shown in figure 5c 261 and the associated variance in figure 5d . 
The variance is chosen to be uniform throughout the model domain, and in order to reflect the 311 capability of the analytic element model at simulating groundwater levels, the mean squared 312 error between observed and simulated head is used to model the variance
where î e is the estimated error at location x i and N equal to 176. The estimated groundwater 315 level using the calibrated analytic element model is shown in figure 5c and the associated 316 variance in figure 5d .
By using more elaborate conceptual models, more closely reflecting the spatial variability in 318 recharge, hydraulic conductivity and base of the aquifer, it is not unlikely that the estimated 319 variance will decrease and the influence of the groundwater model on the final BDF 320 interpolation would increase. This would however be beyond the scope of the methodology,
321
which aims at providing an interpolation methodology using limited information on the 322 aquifer properties. with the empirical depth-distance relationship and the analytical element groundwater model.
329
The former can be implemented by using eq. 5. For the first interpolation, eq. 5 simplifies to: 
Discussion
358
From Figure 5a it is apparent that kriging produces a smoothly varying water table contour 359 map with depressions situated in the vicinity of the major rivers (Fig. 2) . The variance map
360
( Fig. 5b) however shows the irregular distribution of observation points and the resulting low used. In a water table interpolation, jagged contour lines should not appear since groundwater 373 levels are to be considered a spatially smoothly varying quantity.
374
The cross-validation (Fig. 7a) shows that the residuals are centered on zero and, although 375 some outlying residuals show a considerable departure from zero, the root mean squared error 376 is only 7.24 m and the normalized root mean squared error 4.99 %.
377
The RMSE and NRMSE of the calibrated analytical element groundwater model are 378 comparable to the result of kriging (Table 1 ). The scatterplot of observed vs calculated values
379
( Fig. 7b) however shows that although the number of very large residuals is smaller compared 380 to kriging, the spread of the residuals around zero is larger. In the groundwater level map 381 (Fig. 5c) to be only slightly lower than these of kriging interpolation.
395
The first result of Bayesian Data Fusion interpolation is the combination of the kriging validation results (Fig. 7e ) and the RMSE value of 4.91m (Table 1) indicate a marked 404 improvement in predictive capability, compared to the individual additional data sources.
405
The BDF interpolation combining kriging with the analytic element groundwater model (Fig.   406 6c), shows a contour map which is similar to the contour map of the analytic element 407 groundwater model (Fig. 5c) . The AEM groundwater model however appears to locally 
447
The interpolation methodology presented and applied in this paper shows that using different 
